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sample of trait estimates, are compared in a real test example. In a computer simulation, the observed-score equating methods based on numerical integration and summation were compared using data generated from standard normal and skewed populations. The method based on numerical integration was found to be less biased, especially at the two ends of the score distribution. This method can be implemented without the need to estimate trait level for individual examinees, and it is less computationally intensive than the method based on summation. Index terms: equating, item response theory, numerical integration, observed-score equating.
In item response theory (IRT) (Lord, 1982) (1987, 1995 Figure 1 . The distributions of both forms were slightly positively skewed. The Form X distribution appears to be more peaked than that of Form Y.
The item parameters were estimated using BILOG (Mislevy & Bock, 1990 (Mislevy, 1993) .
IRT true-score equating (Lord, 1982) is an oftenused alternative for equating NC scores, which is why it was included here. In this procedure, true scores are equated using the test response functions for the two forms. Lord & Wingersky (1984) found very similar results for IRT true and os equating, whereas Kolen (1981) , Han (1993) , and Kolen & Brennan (1995) 
Method
Two computer simulations were conducted to evaluate the accuracy of the proposed IRT os equating method. In the first simulation, the Os for the simulated examinees were generated from a standard normal (SN) distribution with mean 0 and unit SD. In the second simulation, the Os for the simulees were generated from a negatively skewed distribution with mean = .1, SD = 1.1, skewness = -.3, and kurtosis = 2.5.
To make the simulations realistic, the real-data ACT mathematics test example was modeled in the simulations. The item parameter estimates were used as the population item parameters in the simulations. The simulation was conducted using three samples sizes: N = 500, 1,000, and 2,000. For a simulated examinee with trait level 0, the 0-1 score on item i (i = 1 to 60) was generated in the following manner: 1. Compute p,(O), the probability of a correct response to the ith item, using the three-parameter logistic model (Birnbaum, 1968) ;
2. Generate a random number, r, from a uniform distribution between 0 and 1; 3. Assign a 1 (a correct score) if p,(0) > r, otherwise assign a 0 (an incorrect score). The simulation was conducted using the following steps:
Step 1. An N-examinee x 60-item matrix of response scores was generated for Form X and for Form Y.
Step 2. BILOG was run to estimate item parameters, 0 distributions, and 0 estimates (6s). The 6s were estimated using ML, expected a posteriori (EAP), and Bayes modal (BM) estimation.
Step 3 Figure 4a indicates that the MSE plots for the equating equivalents obtained from the integration method appear to be smooth and very similar to each other. The MSE plots for the three summation method equating equivalents were less smooth at the two extremes of the score range. The MSEs for the three summation method curves were larger than those of the integration method at the lower and upper ends of the score distribution.
The SB plots in Figure 4b indicate that the SBs for the three summation methods, and especially for ML 6, were considerably larger than those for the two integration methods at the two extremes of the score range. The bumps for the posterior distribution integration method in the 30-40 range of NC scores might be because only 40 quadrature points were used, although the effect on the MSE was minimal.
The skewed population. The AMSE, variance, and SB indexes for this population also are presented in Table 2 . Equating errors were larger for this population than they were for the SN population. The SB indexes were relatively large for all three sample sizes. The error variances were also large, but they decreased as the sample size increased. Comparing (Mislevy & Bock, 1990) . This reasoning might explain why the errors in equating using EAP estimates were smaller than those using the ML and BM estimates. Because the integration method does not use 6 to generate score distributions, the error involved in the 6 estimation process will not affect the equating results. This reasoning might explain why the equatings using the integration method had smaller errors. Kim & Nicewander (1993) (Lord, 1982) . IRT The proposed IRT observed-score method using numerical integration to compute the observed-score distributions was found to be at least as accurate as the summation method using EAP 0 estimates and more accurate than the summation method using ML and BM 0 estimates. The integration method can be applied to equatings with the random groups design or the common-item nonequivalent-groups design. Also, the integration method can be implemented without estimating 0 for individual examinees and it is computationally less intensive than the summation method.
